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Abstract With the recent development of autonomous driving technology, the number of camera
modules in the vehicle is expanding, and the technology to utilize is diversifying. Vehicle cameras
require high reliability because of various failures caused by various exposure environments. Among
them, the role of an image sensor that outputs the surrounding environment as an image is important.
When PHM is applied to electronic devices, extracting the electrical signal output value is problematic
because it is difficult to attach a sensor that can observe the state. Therefore, this study applied FMEA
to a vehicle camera to analyze potential defects by function. A deep learning model was developed to
diagnose the state of the image sensor through images so that the sensor attachment does not affect the
circuit board. Because videos have to be classified for each frame, training was conducted based on
VGGNet among the main models of CNN that can process many operations per unit of time. The total
data was divided into 50%, 25%, and 25% and used as training, validating, and testing data, respectively.
As a result of learning the fault diagnosis classification according to the degree of image damage, the
performance of precision, recall, F1-Score, and accuracy was 92.6% on average, and the model was
verified using Grad-CAM. As the number of samples used in this experiment was small, there was a limit
to the application of the accelerated life test. Accurate life prediction may be possible if data are
collected through the accelerated life test considering the sufficient number of samples and acceleration
verification.
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Table 1. FMEA worksheet for Image Sensor

Potential causes of failure modes Occurrence Severity Detection RPN
Incorrect location of elements relative to the measuring system 2 8 2 32
Large vibrations of the mechanical system due to faulty construction 6 8 3 144
Delayed reaction of the measuring system to changes in ambient temperature
and temperature of the element being inspected 6 8 > 240
Inappropriate use of vibration damping elements 9 7 2 126
Insufficient protection against high temperatures 8 6 3 164
Poor protection against pollution, oil emulsions, dust 8 6 3 164
Inappropriate use of protection screens 8 6 3 164

Table 2. Vehicle camera high temperature operation
test results

Table 3. Specification of camera

60T 70T 80T 90T
Number 9 13 17 22
Percentage 29% 42% 55% 71%
Chamber Image Sensor :Oa Healthy(H)
Camera
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Fig. 1. Failure Prognostics data collection system
conceptual diagram
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Model IPASS Black N9
Image sensor F22(1/2.7 inch CMOS)

Voltage DC 12~24V
Temperature -20~70T
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(c) Fault 2

Fig. 2. Healthy and fault images
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Table 4. One-Hot Encoding

Vector
Healthy [1,0,01
Fault 1 [0,1,01
Fault 2 [0,0,1]
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. 3. Performance comparison with different
classifiers
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Fig. 4. Accuracy to OPS comparison with different
classifiers
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Fig. 5. VGG16 Architecture
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Table 5. Classified data

Types Actual Actual
P Positives Negatives
Positive True Positives False Positives
Predictions (TP) (FP)
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Predictions (FN) (TN)
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Where, N denotes the total number of data sets,
C denotes the number of labels, ¢;; denotes j-th
One-Hot

Encoded values, y,; denotes j-th element of the

element among the actual value

predicted value.
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Table 6. Classification performance by VGG

Classes Precision Recall Fl-score | Accuracy
Fault 1 0.99 0.97 0.98

Fault 2 0.75 0.75 0.75 0.98
Healthy 0.99 1.00 0.99
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~e— train_accuracy

——

= val_accuracy

train_loss
4= val_loss

Accuracy
Loss

10 20 30

Epoch #
Fig. 6. Training results using CNN
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Fig. 9. Failure diagnostics result
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